Background {#Sec1}
==========

Worldwide, breast cancer is the leading cause of cancer related deaths in women \[[@CR1], [@CR2]\]. Breast cancers are highly heterogenous and are classified based on immunohistochemistry markers (e.g. estrogen receptor (ER), progesterone (PR) and HER2 status). Resected primary breast tumors can also be independently stratified into intrinsic molecular subgroups (e.g. PAM50 subtypes) based on transcriptomic profiling. The most prominent molecular subtypes identified to date include the normal-like, luminal A, luminal B, HER2 enriched (referred as HER2), basal-like, and claudin-low tumors \[[@CR3]--[@CR5]\]. While their predictive and prognostic significance has been examined in clinical settings \[[@CR6]--[@CR9]\], the cellular and molecular determinants of these subtypes remains a subject of significant investigation \[[@CR10]--[@CR12]\].

Advanced breast cancer is associated with a high mortality rate due to the formation of metastases in vital distant organs \[[@CR13]\]. Patients with relapses in the lungs and brain in particular, have limited clinical options and poor outcomes \[[@CR14], [@CR15]\]. In studies comparing human primary and metastatic breast tumor samples, metastasis-specific driver mutations are rare and mutations associated with tissue-specific (a.k.a. organotropic) metastasis have not been identified \[[@CR16]\]. Conversely, differences in gene expression have been found to mediate metastasis in particular organ sites \[[@CR17]\]. Importantly, many genes associated with metastasis are already differentially expressed in primary tumors. This is most notably observed in tumors resected from patients that are at risk for lung or brain relapse \[[@CR13]\]. These unique metastatic propensities may be influenced, in part, by primary breast cancer subtype. For instance, basal-like tumors, which often share features of triple negative cancers (negative for ER, PR, and HER2), are more aggressive \[[@CR18]\]. Breast cancer patients with prior lung metastasis are also more likely to develop brain metastases \[[@CR19], [@CR20]\]. Specific signatures have been associated with lung and/or brain metastasis \[[@CR21], [@CR22]\], but their molecular underpinning remain unclear.

Cell lineage specification is molecularly driven by epigenetic mechanisms and in particular chromatin dynamics \[[@CR23], [@CR24]\]. Profiling of histone modifications in different mammary cell types reveal a hierarchy of enhancer activation, and unique enhancers present in each mammary lineage can predict transcription factor networks that maintain lineage state \[[@CR25]\]. Moreover, enhancer profiling across human breast cancer cell lines identified unique subtype-specific enhancer patterns \[[@CR26]\]. It has yet to be determined if particular chromatin alterations can independently explain the metastatic competence or organotropism of breast cancer cells. Furthermore, previous studies have predicted enhancer-driven gene expression changes using a nearest gene approach, whereas experimental techniques like HiChIP enables a more robust way of identifying enhancer-gene links \[[@CR27], [@CR28]\]. Also, the transcription factors linked to particular chromatin landscapes and their association with lung or brain metastasis gene expression remain underexplored. Finally, while metastatic signatures have been historically based on gene expression \[[@CR29]\], the utility of signatures based on chromatin profiling methods have yet to be evaluated.

Herein we performed an integrated epigenomic analysis using human breast tumors and metastatic breast cancer cells with tropism for lung or brain. By utilizing Chromatin-Immunoprecipitation and sequencing (ChIP-seq) and Assay for Transposase Accessible Chromatin using sequencing (ATAC-seq), we identify substantial changes in the active chromatin landscape of breast cancer cells that are associated with lung and brain metastatic potential. We also incorporate HiChIP data to robustly link enhancers with gene promoters and identify both promoter- and enhancer- driven pathway changes. Finally, we define a chromatin accessibility signature linked to poor patient prognosis and predict transcription factors whose expression or activity within this chromatin state further distinguishes lung and brain metastasis in humans.

Methods {#Sec2}
=======

Cell lines {#Sec3}
----------

MDA-MB-231 (ATCC HTB-26) and its metastatic sub-populations, BrM2 and LM2 have been previously described and were obtained from J. Massagué (Memorial Sloan Kettering Cancer Center, New York) \[[@CR21], [@CR30]\]. Cell lines were short tandem repeat tested to be MDA-MB-231 using GenePrint 10 (Promega) and regularly mycoplasma tested (ATCC mycoplasma kit). Cells were grown in DMEM media (Gibco) supplemented with 10% FBS (Gibco) and 1% penicillin (100 U/mL) and streptomycin (100 μg/mL) (Gibco). Cells were grown to 70% confluency prior to all experiments.

ATAC-seq and data analysis {#Sec4}
--------------------------

Omni-ATAC-seq was performed as described in Corces et al. \[[@CR31]\]. We generated 2 biological replicates per cell line (harvested at independent passages) and performed paired-end sequencing using an Illumina HiSeq2000 sequencer, averaging 66 million reads per library. Raw reads were trimmed of Nextera adapters using trimmomatic \[[@CR32]\] and aligned to hg19 using Bowtie2 \[[@CR33]\] with default parameters. Duplicates were marked using picard tools and subsequently bam files were filtered using samtools -F 1804 \[[@CR34]\]. To obtain the Tn5 cutsite, forward strand reads were shifted + 5 bp and reverse strand reads were shifted -4 bp. For a consensus ATAC-seq peak set, bam files across cell lines and replicates were first merged together. Peaks were called using MACS2 with parameters --nomodel --keep-dup all -s 1 --shift − 75 --extsize 150 --call-summits \[[@CR35]\]. Peaks were then split at their summits using a custom R script. For differential accessibility analysis, reads that fell within the consensus peak set were counted for each replicate of each sample and processed with DESeq2 \[[@CR36]\]. Peaks with Benjamini Hochberg (BH) adjusted *p*-value \< 0.05 were considered significantly differential. For principal component analysis, averaged variance stabilization transformed read counts of each biological replicate were used. For upset plots comparing the three cell lines, peaks were called within each cell line. Peaks overlapping the consensus ATAC-seq peak set were then used for plotting.

TCGA ATAC-seq analysis {#Sec5}
----------------------

For meta-analysis of the Corces et al. cohort (*n* = 74), raw counts were downloaded from the breast cancer peak set \[[@CR37]\]. Only one primary tumor sample was selected from each patient (*n* = 69). Raw ATAC-seq data from our cell lines were processed through PEPATAC, the same pipeline described in Corces et al. Using the processed bam files, Tn5 cut site reads that fall within the breast cancer peak set were counted by the same process as described in Corces et al. MDA-MB-231 cell line counts were then combined with the counts from the Corces et al. cohort, and the full matrix was normalized using *cpm* with log = TRUE and prior.count = 5 (edgeR package \[[@CR38]\]) and *normalize.quantiles* (preprocessCore package \[[@CR39]\]).

For the metATAC signature peak set, DESeq2 was first used to determine differential accessibility between parental MDA-MB-231 and both metastatic sub-populations within the aforementioned breast cancer peak set. As we were interested in peaks that were robustly differentially accessible to create our signature, we used an adjusted *p*-value cut-off of 5e-5. For our final parental MDA-MB-231 signal set, we averaged normalized counts falling within the signature peak set between each replicate of parental MDA-MB-231. For our final metastatic signal set, we did the same to all replicates of the metastatic sub-populations. To assign a metATAC score to each patient, we performed a Pearson correlation comparing each patient sample to the parental and metastatic signal sets following the equation: $$\documentclass[12pt]{minimal}
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Where *r*~*Par*~ is the Pearson coefficient for parental signal, *r*~*Met*~ is the coefficient for metastasis signal, and *S*~*metATAC*~ is the metastasis score. Adding 1 was done to ensure positive scores. Therefore, patients whose signature peak set matches more closely to the metastatic lines will have a higher score than patients matching the parental line. For organotropic metATAC scores, we performed the process as explained above, with the modification of performing DESeq2 analysis on the organotropic line versus parental. For the organotropic metastatic signal set, the averaged normalized counts for each replicate of the particular sub-population was used.

TCGA RNA-seq and survival analysis {#Sec6}
----------------------------------

RSEM-normalized RNA-seq reads for TCGA patients were downloaded using the R package cgdsr \[[@CR40]\] and raw RSEM data were log2 normalized for downstream analyses. PAM50 subtype annotations were retrieved from Netanely et al. \[[@CR41]\]. Progression-free interval data were obtained from Liu et al. \[[@CR42]\]. For survival analysis, patients were stratified by top and bottom 50th percentiles of metATAC scores.

RNA-seq and data analysis {#Sec7}
-------------------------

Cells were harvested with QIAzol Lysis Reagent (QIAGEN) and homogenized using QIAshredder tubes (QIAGEN). For each cell line, 3 biological replicates were harvested at different passages. RNA isolation was performed using miRNeasy (QIAGEN), and library generation was performed using TruSeq stranded mRNA library prep kit (Illumina). Paired-end sequencing was performed using an Illumina HiSeq4000 sequencer, generating an average of 26 million reads per library. Reads were aligned to hg38 and gene counts to GENCODEv96 transcripts were obtained using STAR aligner v2.7.0 \[[@CR43]\] with default parameters. DESeq2 was used to obtain differential gene expression, and HTSFilter \[[@CR44]\] was used to filter for expressed genes. Significant differences were identified using a BH adjusted *p*-value cut-off of 0.05.

ChIP-seq and data analysis {#Sec8}
--------------------------

Chromatin Immunoprecipitation and library synthesis were performed as described \[[@CR45]\]. Briefly, 10^7^ cells were cross-linked with DMEM media with 1% formaldehyde for 15 min and quenched with 2.5 M glycine. After lysis, nuclei were sonicated with a Bioruptor probe (Diagenode) in an ice water bath set to medium strength in increments of 10 s on and 10 s off for 10 min. For the immunoprecipitation (IP), 5 μg of H3K27ac (Abcam ab4729) or 10 μg of H3K4me3 (Abcam ab8580) antibody was used for each replicate. Library synthesis was performed using the ThruPLEX kit (Takara) and quantified using the NEBNext Library Quant Kit (NEB). Sequencing was performed on an Illumina HiSeq2000 sequencer generating an average of 16 million reads per library. Two biological replicates were generated for each cell line. Reads were aligned and processed as described above. Reads for each IP target were merged and a consensus peak set was called using MACS2 with option --broad. For analyses requiring gene transcription start sites (TSS), TSS data in hg19 coordinates were downloaded from BioMart using the R package biomaRt \[[@CR46], [@CR47]\]. For all analyses, only TSS of expressed genes were used. For upset plots comparing the three cell lines, peaks were called within each cell line. Peaks overlapping the respective consensus peak set were then used for plotting.

HiChIP analysis and gene-enhancer linkages {#Sec9}
------------------------------------------

H3K27ac Hi-ChIP interactions for MDA-MB-231 were first obtained from Cho et al. \[[@CR48]\]. All interactions identified in both Hi-ChIP replicates were first assigned to the nearest (within 2000 bp) ATAC-seq consensus peak. Next, only peak-peak interactions that occurred in both Hi-ChIP replicates were kept. ATAC peaks were annotated as enhancers if they overlap with H3K27ac peaks and are greater than 2000 bp away from the nearest TSS, promoters if they overlap H3K4me3 peaks that themselves overlap a TSS, or unknown if they do not satisfy the above criteria. Linkage statistics are enumerated in Supplemental Table [2](#MOESM2){ref-type="media"}.

Differential signal analysis and regulatory motif enrichment {#Sec10}
------------------------------------------------------------

Using consensus peak sets, reads falling within the peaks were counted with featureCounts \[[@CR49]\]. Counts were determined for each replicate of each cell line. These replicate counts were then input into DESeq2 \[[@CR36]\] for differential binding or accessibility analysis across organotropic (e.g. LM2 versus Par) or metastatic (LM2 and BrM2 versus Par) contrasts. For enrichment of regulatory motifs associated with differentially expressed genes, a motif bed file was first obtained from Marbach et al. \[[@CR50]\]. This bed file contained the annotated motif occurrences of 662 TFs across hg19 along with a confidence score based on evolutionary conservation. We first filtered this file for confidence scores greater than 0. Next, we collapsed TFs into clusters based on RSAT matrix clustering of JASPAR CORE vertebrate TFs (<http://jaspar.genereg.net/matrix-clusters/vertebrates/>) \[[@CR51]\]. We named each cluster using the most common TF family within the cluster. To obtain gained or lost motifs, we first counted unique TF clusters occurring under each consensus ATAC-seq peak and then performed hypergeometric tests for each cluster. Significant, differentially accessible ATAC-seq peaks associated with differentially expressed genes (either by promoter or linked enhancers) were used as the foreground and consensus peaks were used as the background. Significant peaks used in the motif analysis were defined as BH adjusted *p*-value \< 0.05. *P*-values resulting from the hypergeometric tests were BH adjusted and significance was defined as p-value \< 0.05.

Metastasis-free survival analysis {#Sec11}
---------------------------------

Because the TCGA cohort does not contain site-specific relapse annotation, we utilized 3 microarray datasets which total 560 patients annotated for site-specific relapse. We downloaded the publicly available datasets MSK and EMC (GSE2603, GSE2034, and GSE12276) \[[@CR21], [@CR30], [@CR52]\]. Datasets were RMA normalized and to remove batch effects, expression values were converted to z-scores for all genes across each dataset prior to merging. Annotations were retrieved from Harrell et al. \[[@CR22]\]. Relapse and clinical annotations including subtype, hormone receptor status, age, tumor stage, differentiation score, and chemotherapy status were available for 223 patients, and so these patients were used for all Kaplan-Meier (KM) analyses. For all gene-based survival analyses, patients were split at the 50th percentile and top were deemed high while bottom were deemed low. Each gene was represented by its Jetset probe \[[@CR53]\]. For single-gene survival correlation, all identified transcription factors belonging to significantly gained or lost motif families were selected for analysis. For each factor, the Cox proportional hazard ratio and *p*-value were calculated using the metastasis-free survival times for relapse to lung, brain, or any site (relapse) and adjusted for covariates subtype, ER, PR, and HER2 statuses, age, tumor stage, differentiation score, and chemotherapy status. Log-rank hazard ratios and *p*-values were also calculated using the log-rank test.

Statistical analysis and data visualization {#Sec12}
-------------------------------------------

All statistical analyses were performed using R version 3.5.2 (R Foundation for Statistical Computing, Vienna, Austria). Heatmaps were generated using deepTools package \[[@CR54]\]. Graphs were generated using the R package ggplot2 \[[@CR55]\]. Genome track images generated using the R package Gviz \[[@CR56]\]. For all Kaplan-Meier plots, log-rank test was used to determine statistical significance. For analysis of multiple intersections, the package UpsetR \[[@CR57]\] was used. *P*-values in multiple comparisons were adjusted using BH method.

Results {#Sec13}
=======

Identifying the chromatin modification and accessibility landscape of metastatic breast cancer cells {#Sec14}
----------------------------------------------------------------------------------------------------

To identify epigenomic hallmarks of highly metastatic breast cancer cells, we analyzed the transcriptome and epigenome of cell sub-populations that were in vivo selected from the well-established claudin-low breast cancer cell line MDA-MB-231 (referred to as Par) (Supplemental Table [1](#MOESM2){ref-type="media"}). These include LM2--4175 cells (referred to as LM2) \[[@CR30]\] and MDA231-BrM2 (referred to as BrM2) \[[@CR21]\]. When compared to the Par line, LM2 and BrM2 cells have an enhanced capacity to colonize the lung and brain of mice, respectively. Moreover, these metastatic sub-populations express distinctive gene expression signatures, which do not correlate with detectable protein coding gene mutations \[[@CR58]\]. We compared these cell lines using ChIP-seq of active histone marks H3K4me3 and H3K27ac. To determine changes in chromatin accessibility, we also performed ATAC-seq of these cell lines \[[@CR31]\]. Putative enhancer regions were defined as distal elements marked with H3K27ac peaks that fall greater than ±2 kb from the nearest transcription start site (TSS) of expressed genes and overlap with an ATAC-seq peak \[[@CR59], [@CR60]\]. Predicted promoters, meanwhile, are defined by H3K4me3 peaks falling within ±2 kb from the nearest TSS of expressed genes and overlap with an ATAC-seq peak \[[@CR60]\]. Finally, we utilized an MDA-MB-231 HiChIP dataset targeting H3K27ac to identify enhancer-promoter linkages (Supplemental Table [2](#MOESM2){ref-type="media"}) \[[@CR48]\].

Based on histone marks and chromatin accessibility profiles, we found that the metastatic sub-populations harbor epigenomic changes when compared to the less metastatic Par line (Supplemental Table [3](#MOESM2){ref-type="media"}). LM2 and BrM2 cells demonstrated distinct H3K4me3, H3K27ac, and open chromatin profiles from Par line. We found that most H3K4me3 (*n* = 16,273), H3K27ac (*n* = 25,953), and ATAC (*n* = 140,499) peaks were shared between the three sub-populations (Fig. [1](#Fig1){ref-type="fig"}a). However, there were still specific changes within each metastatic sub-population. Genome-wide heatmaps of significantly altered H3K4me3 peaks (*n* = 1099) show a similar pattern of alterations when comparing both metastatic cell sub-populations to the Par cells (Fig. [1](#Fig1){ref-type="fig"}b, left panel). We also found differential H3K27ac (*n* = 3712) peaks and ATAC (*n* = 128,314) peaks (Fig. [1](#Fig1){ref-type="fig"}b, middle and right panels) when comparing metastatic sub-populations and Par cells. When comparing both metastatic sub-populations to Par, chromatin accessibility correlated with H3K4me3 and H3K27ac activation (Fig. [1](#Fig1){ref-type="fig"}c). We conclude that breast cancer cells harbor significant alterations in active chromatin marks and that these can distinguish metastatic sub-populations from Par cells. Fig. 1Active epigenetic marks in metastatic breast cancer cells. **a** Upset plots of shared and unique H3K4me3, H3K27ac or ATAC peaks for the indicated cell sub-populations. **b** Heatmaps depicting significantly differential (*p* \< 0.05) H3K4me3 (left), H3K27ac (center), and ATAC (right) peaks in the comparison between BrM2 and Par or LM2 and Par. For each mark, genomic regions were ranked based on the signal in Par peaks. *P* values were calculated using DESeq2 and adjusted with the Benjamini-Hochberg (BH) method. **c** Correlation between log2 fold change of each ATAC peak and the log2 fold change of its overlapping H3K4me3 (left) and H3K27ac (right) peak. Log2 fold change is based on the comparison between all metastatic sub-populations and Par cells. Correlation estimate calculated using the Pearson correlation test

Brain and lung metastatic competence of breast cancer cells correlates with increased promoter and enhancer activation {#Sec15}
----------------------------------------------------------------------------------------------------------------------

Next, we analyzed the molecular consequences of H3K4me3, H3K27ac and chromatin accessibility alterations and their correlations with either multi-organ metastatic potential (alterations which are common to both metastatic sub-populations) versus specific organotropic metastatic predilections to brain or lung.

Both LM2 and BrM2 cells displayed significant increases in overall H3K4me3 within annotated promoter regions, with more H3K4me3 peaks associated with either LM2 or BrM2 cells than peaks that are shared by both cell sub-populations (Fig. [2](#Fig2){ref-type="fig"}a). To ascertain whether alterations in H3K4me3 are likely to be functional, we integrated our ChIP-seq analysis with our RNA-seq data comparing LM2 and BrM2 with Par cells. The expression of genes with decreased promoter H3K4me3 signal have reduced expression, whereas genes associated with increased H3K4me3 signal have significantly higher expression in LM2 cells or BrM2 compared to Par cells (Figure [S1](#MOESM1){ref-type="media"}A-B). A small fraction of unique differentially expressed genes was associated with altered promoter activation in LM2 (12.8%) and BrM2 (11.4%) cells, and only 5.29% of shared genes had changes of promoter activation (Fig. [2](#Fig2){ref-type="fig"}b). Thus, H3K4me3 changes at the promoters contribute to a small percentage of gene expression changes that confer both overall metastatic potential as well as organotropism. The promoters of several known mediators of metastasis were found to be activated. For example, there was promoter activation of the lung metastasis gene *Secreted Protein Acidic And Cysteine Rich* (*SPARC)* \[[@CR30]\] in LM2 cells (Fig. [2](#Fig2){ref-type="fig"}c), and brain specific gene *Cadherin 18* (*CDH18*) \[[@CR61]\] in BrM2 cells (Fig. [2](#Fig2){ref-type="fig"}d). In addition, the promoter H3K4me3 of the *Phospholipase C Beta 1* (*PLCB1)* was similarly activated in LM2 and BrM2 cells (Figure [S2](#MOESM1){ref-type="media"}A). *PLCB1* has been recently shown to promote breast cancer metastasis \[[@CR62]\]. Fig. 2Promoter activation in metastatic cells. **a** Bar plots of the number of significantly decreased (down) and increased (up) H3K4me3 peaks in the indicated comparison. **b** Number of significant concordant gene expression changes associated with significant differential promoter activation plotted as in A. **c** Genome track view of the promoter region of *SPARC*. **d** Genome track view of the promoter region of *CDH18*. All significant peaks defined by *p \<* 0.05, as determined by DESeq2 and BH correction. Genome track heights were scaled within each histone modification, ATAC signal, or RNA pile-up

Recent profiling of breast cancer cell lines demonstrated differential enhancer usage across breast cancer subtypes \[[@CR26]\]. To characterize changes within putative active enhancers that were associated with metastasis, we focused on H3K27ac regions overlapping ATAC peaks. A general increase in enhancer H3K27ac was observed, especially for BrM2 cells (Fig. [3](#Fig3){ref-type="fig"}a). To annotate the genes associated with these putative enhancers, we integrated HiChIP results from MDA-MB-231 cells \[[@CR48]\] with our ATAC-seq results to map enhancer-promoter linkages (Supplemental Table [2](#MOESM2){ref-type="media"}, methods). As expected, the increased enhancer H3K27ac peaks in metastatic cell sub-populations are associated with increased gene expression, whereas the decreased H3K27ac peaks are linked to decreased gene expression (Figure [S1](#MOESM1){ref-type="media"}C-D, left). Notably, randomly shuffling the enhancer-promoter linkages abrogated the correlation between H3K27ac signal and gene expression, suggesting that the linkages are biologically relevant (Figure [S1](#MOESM1){ref-type="media"}C-D, right). 24.7 and 30.4% of unique, differentially expressed genes are associated with enhancer changes in LM2 and BrM2 cells respectively, and only 9.05% of shared genes had changes of enhancer status (Fig. [3](#Fig3){ref-type="fig"}b). More than half of the differentially expressed genes are downregulated genes and are associated with decreased H3K27ac in the metastatic cell sub-populations (Fig. [3](#Fig3){ref-type="fig"}b). Nonetheless, we found that the enhancers of several known mediators of metastasis are activated. For instance, the enhancer for *Epithelial Membrane Protein-2* (*EMP2*), as shown by HiChIP promoter-enhancer linkage, exhibits increased H3K27ac and ATAC peaks in LM2 cells (Fig. [3](#Fig3){ref-type="fig"}c). *EMP2* is implicated in endothelial cell migration \[[@CR63]\]. Likewise, the enhancer for *Regulating Synaptic Membrane Exocytosis 2* (*RIMS2*), a gene involved in synaptic neurotransmitter release \[[@CR64]\], has increased H3K27ac, H3K4me3, and ATAC peaks in BrM2 cells (Fig. [3](#Fig3){ref-type="fig"}d). In addition, the enhancer H3K27ac, H3K4me3 and ATAC levels of *Apolipoprotein B mRNA Editing Enzyme Catalytic Subunit 3G* (*APOBEC3G*) were similarly induced in LM2 and BrM2 cells (Figure [S2](#MOESM1){ref-type="media"}B). Notably, *APOBEC3G* has been implicated in metastasis of several cancers \[[@CR65], [@CR66]\]. Thus, genes involved in overall metastatic potential and organotropism are regulated by chromatin changes at gene enhancers. Fig. 3Enhancer activation in metastatic cells. **a** Bar plots of the number of significantly decreased (down) and increased (up) H3K27ac peaks in the indicated comparison. **b** Number of significant gene expression changes associated with significant differential linked enhancer activation plotted as in A. **c** Genome track view of the promoter region of *EMP2* and its promoter-enhancer linkages. **d** Genome track view of the promoter region of *RIMS2* and its promoter-enhancer linkages. All significant peaks defined by *p \<* 0.05, as determined by DESeq2 and BH correction. Genome track heights were scaled within each histone modification, ATAC signal, or RNA pile-up

Our analysis identifies biologically relevant promoter and enhancer activation states in MDA-MB-231 cell sub-populations which correlate with their overall metastatic potential as well as organotropism for brain or lung.

A metastasis chromatin accessibility signature associates with human breast cancer subtype and relapse {#Sec16}
------------------------------------------------------------------------------------------------------

To determine if chromatin accessibility was linked to promoter activation states, we identified the ATAC peaks that overlapped with annotated promoters enriched with H3K4me3. A small proportion of promoter elements with relatively open (*n* = 221) or closed (*n* = 161) chromatin were shared by both metastatic lines, whereas a significant subset of unique promoter regions (*n* = 1220) had altered chromatin accessibility in either LM2 or BrM2 cells alone (Fig. [4](#Fig4){ref-type="fig"}a). Similarly, to determine if chromatin accessibility was linked to enhancer activation states, we identified the ATAC-seq regions that overlapped with enhancer-annotated H3K27ac regions. Among the altered enhancers shared by both LM2 and BrM2 cells, 73% (*n* = 2928) of them had increased chromatin accessibility (Fig. [4](#Fig4){ref-type="fig"}b). On the other hand, the organotropic chromatin accessibility changes (*n* = 8926) are more equally distributed into increased and decreased categories (Fig. [4](#Fig4){ref-type="fig"}b). Fig. 4Chromatin accessibility is correlated with breast cancer relapse and subtypes. **a** Upset plot of the shared significant changes (closed or opened) in ATAC-seq peaks that fall within promoter regions between the indicated cell sub-population and Par cells. **b** Upset plot of the shared significant changes (closed or opened) in ATAC-seq peaks that fall within enhancer regions between the indicated cell sub-population and Par cells. **c** Progression free interval of patients stratified by whether their primary tumor common metATAC score was high (above median) or low (below median). *P* value was calculated using log-rank test. **d** Violin plot of common metATAC score of patients separated by PAM50 subtype. *P* values were calculated using Wilcox test

We next tested if the chromatin accessibility landscape of metastatic cells was recapitulated in primary breast tumors from human patients with distinct clinical outcome. To this end, we generated a chromatin accessibility signature, which we term the "common metATAC score", based on ATAC-seq peaks that were significantly altered between all metastatic sub-populations and Par cells (Figure [S3](#MOESM1){ref-type="media"}A). Primary human breast cancers from The Cancer Genome Atlas (TCGA) were recently profiled using ATAC-seq \[[@CR37]\]. We used this data to generate a score based on if their chromatin landscape correlated more (high common metATAC score) or less (low common metATAC score) with that of the metastatic sub-populations. Accordingly, we found that primary tumors with high common metATAC score had a higher probability of relapse (*p* = 0.0071, Fig. [4](#Fig4){ref-type="fig"}c). Although site of relapse is not annotated in the TCGA cohort, basal-like and HER2 primary tumors, which are known to be at risk for brain and lung metastasis, had higher common metATAC scores compared to the less metastatic luminal A and B subtypes (Fig. [4](#Fig4){ref-type="fig"}d). Because claudin-low was not a part of the official TCGA annotation, we focused on these four main subtypes. GREAT gene ontology analysis showed that several pathways including genes involved in axon midline choice point recognition are associated with increased (up) ATAC peaks in the signature, while pathways including genes involved in protein deubiquitination and response to misfolded protein are correlated with decreased (down) peaks in the signature (Figure [S3](#MOESM1){ref-type="media"}B). ER status is a well-known early predictor of prognosis and may be a confounder in our survival analysis \[[@CR67]\]. When we grouped patients by ER status as determined by IHC, we found a significantly higher metATAC score associated with ER negative patients (Figure [S3](#MOESM1){ref-type="media"}C). However, the metATAC score is still capable of identifying a subset of ER positive patients with significantly increased risk for relapse (Figure [S3](#MOESM1){ref-type="media"}D).

These observations demonstrate that shared changes in the chromatin landscape of the highly metastatic MDA-MB-231 cell sub-populations are biologically and clinically relevant.

Promoter and enhancer driven pathways associated with brain or lung metastasis {#Sec17}
------------------------------------------------------------------------------

To determine the pathways of the genes associated with promoter and enhancer changes, we integrated the results from ATAC-seq, H3K4me3 and H3K27ac ChIP-seq, RNA-seq and HiChIP linkages for pathway and gene ontology (GO) analysis using EnrichR \[[@CR68], [@CR69]\]. For promoter GO we determined genes that are differentially expressed and harbor H3K4me3 changes at their promoter. The same procedure was done for enhancer GO, using HiChIP linkages to determine gene-enhancer associations. These analyses revealed pathways associated with either lung or brain metastasis (Fig. [5](#Fig5){ref-type="fig"}, Supplemental Table [4](#MOESM3){ref-type="media"}). For example, LM2 enhancer activated genes were enriched for regulators of endothelial cell migration, consistent with the notion that increased migratory ability is a critical property of metastatic cells. LM2 promoter and enhancer activated genes were commonly enriched for regulators of vasculature development, highlighting the importance of vascular remodeling in lung metastasis \[[@CR70]\]. BrM2 promoter activated genes were enriched for homophilic cell adhesion, and one example in this pathway is *CDH18*, consistent with the recent reports that cell clusters had higher metastatic potential \[[@CR71]\]. On the other hand, enhancer-associated genes in BrM2 cells were mostly associated with suppression of several pathways, including negative regulators of MAP kinase activity and epithelial cell proliferation. Fig. 5Integrated analyses identify promoter- and enhancer-controlled pathways. EnrichR ontology results of genes differentially regulated by either promoter or enhancer activation. Circle size corresponds to number of terms falling within the corresponding ontology. Color of -log(P) indicates whether the term is gained (red) or lost (blue) in each metastatic sub-population compared to Par

Thus, our integrated analysis identifies biologically relevant pathways associated with organotropism of the MDA-MB-231 cell sub-populations.

Transcription factors associated with chromatin activation state in metastatic cells {#Sec18}
------------------------------------------------------------------------------------

The high-resolution of differentially open or closed ATAC-seq peaks in the metastatic cells allows us to precisely identify potential transcription factor binding sites. As such, we integrated HiChIP, ATAC-seq and gene expression data to identify motifs of regulatory transcription factors (TFs) that were enriched in chromatin regions with significantly increased (denoted gained TFs) or decreased (denoted lost TFs) accessibility when comparing either LM2 or BrM2 to Par. We determined concordant ATAC peaks linked to gene expression changes between each metastatic sub-population and the Par line, and identified enriched transcription factor motifs in these regions compared to the background of all ATAC peaks (Figure [S4](#MOESM1){ref-type="media"}, [S5](#MOESM1){ref-type="media"}, and Fig. [6](#Fig6){ref-type="fig"}). Because many transcription factors share similar motifs, we used RSAT clustering to collapse motifs into their respective RSAT cluster \[[@CR51]\]. In both the LM2 vs Par and BrM2 vs Par comparisons, motifs for Ets-related, Steroid hormone receptor, and STAT factors were gained, while the Runt-related, Krüppel-related, and nuclear receptor (NR1) motifs were lost (Fig. [6](#Fig6){ref-type="fig"}a, b, Figure [S5](#MOESM1){ref-type="media"}). For lung metastatic LM2 cells, the other significantly gained motifs were AP-2-related and HOX-related factors, while the other top motifs lost include GATA-type and Jun-related factors (Fig. [6](#Fig6){ref-type="fig"}a, Figure [S5](#MOESM1){ref-type="media"}). For brain metastatic BrM2 cells, significantly gained motifs include Forkhead box factors, POU domain, and Jun-related factors, while the top lost motifs are RFX-related, Grainyhead-related, and SMAD factors (Fig. [6](#Fig6){ref-type="fig"}b, Figure [S5](#MOESM1){ref-type="media"}). Motifs for 36 and 41 TFs were gained or lost, respectively, in both metastatic sub-populations (Fig. [6](#Fig6){ref-type="fig"}c and Figure [S5](#MOESM1){ref-type="media"}). On the other hand, LM2 cells specifically gained motifs of 4 TFs and lost motifs of 75 TFs. BrM2 cells have specific gained motifs of 48 TFs, and lost motifs of 12 TFs (Fig. [6](#Fig6){ref-type="fig"}c and Figure [S5](#MOESM1){ref-type="media"}). These analyses suggest that multiple TFs contribute to the shared and distinctive epigenomes of lung and brain metastatic cells. Fig. 6Differentially accessible regions linked to gene expression changes contain specific transcription factor binding motifs. **a**, **b** Transcription factor motifs gained (left) or lost (right) within open-chromatin regions that are linked to differentially expressed genes in LM2 (**a**) or BrM2 (**b**) compared to Par. Significant linkages were determined using HiChIP (see [Methods](#Sec2){ref-type="sec"}). **c** Venn diagrams of TFs whose motifs are gained (left) or lost (right) in LM2 and BrM2

Expression of distinct lineage TFs is associated with distal metastasis in human breast cancer patients {#Sec19}
-------------------------------------------------------------------------------------------------------

The association of certain TF binding motifs with open or closed chromatin regions and transcription in metastatic cells could be due to the aberrant expression of these key lineage TFs. Also, the correlation of the common metATAC score with clinical outcome and breast cancer subtypes suggest that these underlying TFs might be important markers of breast cancer subtype, metastasis to distant organs, or multiple overlapping clinical features.

We first asked whether the TFs associated with the gained or lost motifs correlated with site-specific relapse. In this analysis, we utilized 3 independent breast cancer cohorts (totaling 223 patients after excluding patients with missing clinical covariates) annotated for site-specific relapse \[[@CR21], [@CR30], [@CR52], [@CR72]\]. When analyzing the top identified TFs in each organotropic comparison, many known and novel lineage TFs were found to be associated with metastatic relapse to the lung, brain, or both sites using log-rank test or multivariate analyses with Cox Proportional-Hazards (PH) model (Fig. [7](#Fig7){ref-type="fig"} and Supplemental Table [5](#MOESM4){ref-type="media"}). For instance, in human primary tumors, high expression of *Transcription Factor AP-2 Gamma* (*TFAP2C*), a TF found to be amplified in 6% of primary breast cancers (cBioPortal \[[@CR73], [@CR74]\]), is positively correlated with lung relapse (Fig. [7](#Fig7){ref-type="fig"}a, top), while low expression of *Retinoic Acid Receptor Alpha* (*RARA*) is associated with lung relapse (Fig. [7](#Fig7){ref-type="fig"}a, bottom). High expression of *JUN* is positively correlated with brain relapse in patients (Fig. [7](#Fig7){ref-type="fig"}b, top), while low expression of *Regulatory Factor X7* (*RFX7*) is associated with brain relapse (Fig. [7](#Fig7){ref-type="fig"}b, bottom). In addition, high expression of *E74 Like ETS Transcription Factor 4* (*ELF4)* is positively correlated with both lung and brain relapse (Fig. [7](#Fig7){ref-type="fig"}c), while low expression of *Runt Related Transcription Factor 2* (also known as *RUNX Family Transcription Factor 2, or RUNX2*) is associated with both lung and brain relapse (Fig. [7](#Fig7){ref-type="fig"}d). Fig. 7Expression of TFs associated with remodeled chromatin regions correlates with site-specific metastatic relapse. **a**-**d** Examples of Kaplan-Meier curves of TF expression in lung metastasis-free (**a**), brain metastasis-free (**b**), or both lung and brain metastasis-free (**c**, **d**) survival. Human breast tumors from independent institutes were compiled and classified as "high" or "low" based on whether TF expression was above or below the median, respectively. Common up, associated with both lung and brain metastasis; Common down, negatively associated with both lung and brain metastasis. *P* values were calculated by log-rank test. *n* = 223

Next, we explored the relationship between metastatic chromatin states and their associated TFs with breast cancer subtype and organotropic relapse. The common metATAC score is higher in basal-like and HER2 subtypes (Fig. [4](#Fig4){ref-type="fig"}d). The LM2 metATAC score is preferentially increased in basal-like tumors, while BrM2 metATAC score is higher in both basal-like and HER2 subtypes (Figure [S6](#MOESM1){ref-type="media"}A-B). These results suggest that the chromatin landscape of brain and lung metastatic cells is partially linked to aggressive molecular subtypes. However, among the TFs whose activities are associated with lung or brain metastasis, we found some TFs that were linked to subtype, while others were not. For example, *TFAP2C* is positively associated with lung-specific relapse and expressed at higher levels in basal-like tumors (Fig. [7](#Fig7){ref-type="fig"}a and Figure [S6](#MOESM1){ref-type="media"}C). On the other hand, *RUNX2* is negatively correlated with lung and brain-specific relapse, but is similarly expressed across subtypes (Fig. [7](#Fig7){ref-type="fig"}d and Figure [S6](#MOESM1){ref-type="media"}D). Likewise, *SMAD1* is negatively correlated with brain-specific relapse and expressed at slightly lower levels in basal-like tumors (Figure [S6](#MOESM1){ref-type="media"}E-F), while *Nuclear Receptor Binding Factor 2* (*NRBF2)* is positively correlated with brain-specific relapse and expressed at similar levels across breast cancer subtypes (Figure [S6](#MOESM1){ref-type="media"}G-H). Some predicted TFs also exhibit significant correlation with survival within breast cancer subtypes. For instance, *RUNX2* is negatively correlated with lung-specific relapse (*p* = 0.013) and JUN is positively correlated with brain-specific relapse (*p* = 0.0028) within basal-like patients (*n* = 38, Figure [S7](#MOESM1){ref-type="media"}A-B). This suggests that differential expression of TFs even within subtypes may contribute to increased tumor aggressiveness.

In summary, our approach identifies a chromatin accessibility state in primary breast cancers which is partially linked to intrinsic subtype and increases the likelihood of relapse. Furthermore, this active chromatin state is associated with lineage TFs, whose variable expression may further differentiate brain from lung metastasis.

Discussion {#Sec20}
==========

Several important studies have identified transcriptomic signatures which characterize subgroups of human breast cancers and their response to therapy. Despite these advances, the underlying epigenomic determinants of breast cancer heterogeneity and their influence on metastatic competence are poorly understood. In this study, we integrate epigenomic analysis of the well-established claudin-low MDA-MB-231 breast cancer line and its metastatic lung and brain sub-populations, with recent chromatin accessibility profiling of human breast cancers from TCGA. As the cell model and human datasets characterized herein are widely utilized, our data provides a valuable resource for integrated breast cancer epigenomic studies. Moreover, our findings suggest that chromatin profiling could potentially be leveraged for clinical prognosis, particularly as ATAC-seq can be performed on limited amount of tumor tissue or cells \[[@CR31]\].

We identified a chromatin accessibility signature, the common metATAC score, from human tumors which is significantly associated with progression free interval. This finding is consistent with the notion that, in breast cancer, metastatic competence can be enhanced by the epigenetic state of malignant cells within the primary tumor. This active chromatin state is a property of known subtypes of breast cancer, such as the basal-like and HER2 tumors. Nevertheless, we also identified TFs associated with brain or lung relapse for patients independently of subtype (e.g. basal-like). This is in agreement with prior studies that demonstrate that gene expression signatures which correlate with intrinsic subtypes are indicators of distant organ relapse to the lungs and brains, but that additional molecular features of these primary tumors may enhance organotropism \[[@CR22]\]. Our results support a model whereby the chromatin landscape of a given breast cancer subtypes predisposes to metastasis, but that the activity of specific TFs further modulates these epigenetic states to influence the site of metastatic colonization.

Differences in promoter and enhancer utilization between primary and metastatic tumors have been documented in several cancer types \[[@CR75]--[@CR77]\]. We find that metastatic breast cancer cell sub-populations from the MDA-MB-231 model generally harbor active promoters and enhancers. When comparing lung and brain metastatic cells to more indolent cells, alterations in promoter activation were more limited whereas activation of enhancers was more widespread. Notably, a significant proportion of differentially regulated enhancers are associated with the modulation of mammary development, morphogenesis, and cell lineage specification \[[@CR78], [@CR79]\]. Basal lineage genes are also activated in malignant cells located at the invasive front of primary tumors and are required for dissemination \[[@CR80]\]. Thus, tumors with increased metastatic competence may share common epigenomic features linked to lineage subtype (e.g. basal-like). However, significant differences in both promoter and enhancer landscapes could further distinguish tumor cells that preferentially colonize the lung or brain. Importantly, many of these epigenetic alterations were within the regulatory elements of genes that are known to mediate and/or mark lung or brain colonization. It is important to note that only a small proportion of overall gene expression changes is associated with promoter or enhancer histone modification and other layers of epigenetic regulation may play a role in the expression differences between Par and sub-populations.

Ultimately, transcription factors integrate the control of chromatin dynamics with gene expression. In breast cancer, several lineage TFs have been identified as mediators of tumor progression. Although the expression of TFs may be a surrogate for their function, there are many epigenetic processes that ultimately affect their activity \[[@CR81], [@CR82]\]. Chromatin accessibility has been successfully used to identify the functional effects of pioneering TFs \[[@CR83], [@CR84]\]. Moreover, the technique used in this study, omni-ATAC-seq, has been shown to have the same robustness for TF binding prediction as the previous gold standard DNAase-seq \[[@CR85]\]. Our pipeline uncovered robust candidate epigenetic markers of relapse that were not identified by previous reports using ChIP-Seq only \[[@CR27]\]. These TFs may help establish or maintain chromatin states which are permissive for the expression of pro-metastatic gene expression programs.

For instance, the presence of AP-2 and Ets motifs gained in metastatic lines demonstrate the presence of canonical active enhancer motifs, as these factors are known to cooperate with lineage TFs to define tissue-specific enhancer usage \[[@CR86]\]. Several lineage TFs captured in our analyses are also differentially expressed in various breast cancer subtypes. For instance, the luminal transcription factor *GATA3* is negatively correlated with lung-specific relapse, consistent with the metastasis suppressive role of GATA3. The observation that luminal TFs may be differentially activated in a sub-population of cells from the MDA-MB-231 cells, considered a claudin-low cell line, suggests that plasticity of lineage gene expression can occur within a given subtype. Another group of TFs identified in our study provide novel avenues for exploration. For instance, *TFAP2C* expression was significantly associated with lung relapses, consistent with a recent study \[[@CR27]\]. *TFAP2C* is a pioneer factor that plays important roles in pluripotency and lineage differentiation \[[@CR87], [@CR88]\]. Interestingly, TFAP2C has been considered to regulate luminal differentiation and its motif is enriched in luminal breast cancer cells \[[@CR26], [@CR89]\]. *TFAP2C* overexpression is correlated with shorter survival 10 years after diagnosis and a poorer response to anti-hormone therapy \[[@CR90], [@CR91]\]. Finally, we identified transcription factors that commonly correlated with both lung and brain metastasis. This includes *ELF4* which is known for its role in immune response and hematological malignancies \[[@CR92]\] but may also regulate functions required for both lung and brain metastasis.

Conclusions {#Sec21}
===========

Integrating RNA-seq, ChIP-seq and ATAC-seq profiling of metastatic cell lines, we identified distinctive epigenomic changes associated with gene pathways in lung and brain metastasis. Using human datasets, we also demonstrated that signatures of metastatic active chromatin are partially linked to breast cancer subtypes with poor prognosis, and that specific TFs are associated with either lung or brain relapse for patients independently of subtype. These findings reveal chromatin states of breast cancers with poor outcome and nominate new potential TF biomarkers for breast cancer metastasis.
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**Additional file 1: Figure S1.** Gene expression associated with promoter and enhancer changes. (A-B) Distribution of significant gene expression changes (RNA log2FC) associated with promoter H3K4me3 peaks either significantly decreased or increased in LM2 vs Par (A) or BrM2 vs Par (B). (C-D) Distribution of significantly gene expression changes (RNA log2FC) linked with either significantly increased or decreased enhancer H3K27ac peaks in LM2 vs Par (C, left) or BrM2 vs Par (D, left). Linkages determined using HiChIP. Shuffle indicates the same plot after randomly shuffling the linkages. *P* values were calculated using Wilcox U-test. **Figure S2.** Common promoter and enhancer activation in metastatic cells. (A) Genome track view of the promoter region of *PLCB1* demonstrating shared H3K4me3 changes in metastatic sub-populations. (B) Genome track view of *APOBEC3G* demonstrating shared enhancer H3K27ac changes in metastatic sub-populations. Promoter-enhancer linkage was determined by HiChIP. **Figure S3.** metATAC workflow and ontology. (A) Schematic of how the TCGA cohort data and cell line ATAC data were integrated and analyzed. MDA-MB-231 lines were processed using the same method as indicated in Corces et al. \[[@CR37]\], and top differentially accessible chromatin regions were used to generate the metATAC signature. Each patient in the TCGA cohort (*n* = 69) was then assigned a score based on their open chromatin similarity to Par or metastatic sub-populations (common metATAC score). Significantly different regions defined by *p* \< 5e-5, as determined by DESeq2 and BH correction. (B) GREAT gene ontology results associated with increased (up) and decreased (down) peaks in the signature. (C) Distribution of metATAC score between ER positive and negative patients as determined by IHC. *P*-value determined using Wilcoxon rank sum test. (D) Kaplan-Meier plots of patients separated into ER positive (left) and negative (right) as determined by IHC. metATAC quantile was assigned before splitting the patient into the two groups. **Figure S4.** Scheme for regulatory motif prediction. Scheme for identification of TFs associated with differentially expressed genes between each metastatic sub-population and Par. Reproducible linkages between ATAC peaks were first determined using HiChIP data and subsequently annotated to be either distal or proximal (promoter) to the TSS of each gene. Gene expression is then used to determine significantly up- or down-regulated genes. ATAC peaks that are linked to these gene modules (both distal and proximal) and also follow the same direction of signal change are elected as regulatory regions. Hypergeometric tests are then performed on regulatory regions using all regions as background to determine enriched TF motif clusters (based on RSAT). Motif clusters are finally re-assigned to transcription factors that fall within each respective cluster. **Figure S5.** Regulatory motifs and associated transcription factors. (A) TFs associated with motif clusters enriched in regions of increased accessibility (gained) in either LM2 compared to Par, BrM2 compared to Par, or both. TFs names are color-coded to indicate membership in the respective motif cluster. (B) Same as (A) but with motif clusters enriched in regions of decreased accessibility (lost) in the indicated comparison. **Figure S6.** Subtype specificity of metATAC score and transcription factor expression. (A-B) Distribution of LM2- (A) or BrM2-specific (B) metATAC score across PAM50 subtypes. (C-D) Expression of the indicated transcription factors across subtypes. (E) Kaplan-Meier curve of *SMAD1* expression and brain metastasis-free survival. (F) Expression of *SMAD1* across subtypes. (G) Kaplan-Meier curve of *NRBF2* expression and brain metastasis-free survival. (H) Expression of *NRBF2* across subtypes. NS non-significant. **Figure S7.** Subtype specificity of metATAC score and transcription factor expression. (A) Kaplan-Meier curve of *RUNX2* and lung metastasis-free survival within basal-like patients. (B) Kaplan-Meier curve of *JUN* and brain metastasis-free survival within basal-like patients. *N* = 38. **Additional file 2: Table S1.** Read count and mapping percentage of all sequenced libraries. **Table S2.** Statistics from HiChIP data. Number and percentage of linked enhancers-promoters and promoters-promoters shown. Genes with linkages are also indicated. **Table S3.** Number of significantly differential peaks and genes in the indicated comparisons. **Additional file 3: Table S4.** Gene ontologies and pathways. EnrichR results from the analysis of promoter- or enhancer-linked gene expression changes. Each sheet corresponds to a different database that was used as the parameter in the EnrichR analysis. **Additional file 4: Table S5.** Transcription factor hazard ratio table. Each sheet corresponds to the results from the analysis of organotropic relapse (Lung.relapse and Brain.relapse) or either relapse (Any.relapse). "Notes" sheet includes every column and their descriptions. Transcription factors listed are concordant across two parameters (Hazard ratio by either log-rank or Cox proportional hazard model and the gain/loss of the TF motif). padj Adjusted *P* value; HR Hazard ratio.
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